Abstract-Lobe identification in computed tomography (CT) examinations is often an important consideration during the diagnostic process as well as during treatment planning because of their relative independence of each other in terms of anatomy and function. In this paper, we present a new automated scheme for segmenting lung lobes depicted on 3-D CT examinations. The unique characteristic of this scheme is the representation of fissures in the form of implicit functions using Radial Basis Functions (RBFs), capable of seamlessly interpolating "holes" in the detected fissures and smoothly extrapolating the fissure surfaces to the lung boundaries resulting in a "natural" segmentation of lung lobes. A previously developed statistically based approach is used to detect pulmonary fissures and the constraint points for implicit surface fitting are selected from detected fissure surfaces in a greedy manner to improve fitting efficiency. In a preliminary assessment study, lobe segmentation results of 65 chest CT examinations, five of which were reconstructed with three section thicknesses of 0.625 mm, 1.25 mm, and 2.5 mm, were subjectively and independently evaluated by two experienced chest radiologists using a five category rating scale (i.e., excellent, good, fair, poor, and unacceptable). Thirty-three of 65 examinations (50.8%) with a section thickness of 0.625 mm were rated as either "excellent" or "good" by both radiologists and only one case (1.5%) was rated by both radiologists as "poor" or "unacceptable." Comparable performance was obtained with a slice thickness of 1.25 mm, but substantial performance deterioration occurred in examinations with a section thickness of 2.5 mm. The advantages of this scheme are its full automation, relative insensitivity to fissure completeness, and ease of implementation.
I. INTRODUCTION
H UMAN lungs are divided by fissures into lobes (Fig. 1) . The left lung typically has two lobes (upper and lower) divided by one oblique fissure and the right lung typically has three lobes (upper, middle, and lower) by one oblique fissure and one horizontal fissure. In healthy lungs, the major fissures typically consist of double layers of infolded invaginations of the visceral pleura. Both bronchial and vascular systems in each lobe are largely isolated with minimal connections between lobes, and the lobes can be considered as relatively independent function units. Hence, early diseases of several types may begin in and/or be confined to an individual lobe. An automated scheme for lung lobe segmentation may not only be useful for identifying and characterizing chronic diseases such as chronic obstructive pulmonary disease (COPD) and interstitial lung disease (ILD), but could also help facilitate preoperative planning and postoperative assessments [1] , [2] as well as intrapatient registration and comparison of sequential imaging procedures [3] , [4] . Unfortunately, performing this task manually is extremely difficult and time consuming because of the need to mentally track and reconstruct the 3-D contours of pulmonary fissures that often span over multiple computed tomography (CT) images. This task is largely impractical in submillimeter thin-section CT examinations where hundreds of images are typically generated in each examination. Therefore, the development of a robust automated lobe segmentation scheme could be extremely beneficial for routine clinical practices and as important perhaps for quantitative lung CT image analysis. Pulmonary lobe segmentation often begins with the detection of pulmonary fissures that are used as anatomical landmarks (boundaries) to separate the lobes from each other. It is well known that the fuzzy appearance of fissures on CT images, in particular in the presence of abnormalities near the fissures, makes the computer-aided detection of fissures a challenging task. Given a known fissure position (location), it is still difficult to achieve an accurate smooth segmentation of lobes because fissures depicted on CT images are frequently incomplete ( Fig. 1 ) and commonly used algorithms (e.g., region-growing or flooding operations) may lead to a fusion of the region of interest (i.e., the lobe in question) with neighboring lobes.
Previously described lobe segmentation methods can be classified into two general categories, namely anatomy knowledge based and shape analysis based schemes. Anatomy knowledge 0278-0062/$26.00 © 2009 IEEE based schemes depend on either local or global knowledge of the anatomy of lung structures. Considering the fact that there should not be any large vessels in the vicinity of pulmonary fissures, Kuhnigk et al. [5] identified lobes using an interactive 3-D watershed algorithm. To take advantage of the linear appearance of fissures, Zhou et al. [6] and Saita et al. [7] classified the vessels and bronchi into five lobe regions using an edge detection method and the Hough transform based curved surface detection method, respectively. Since human lungs are similar in anatomy, Zhang et al. [8] - [10] developed a lobe segmentation method based on a global pulmonary atlas (template) encoded with gray level information and anatomic shape characteristics. The second class of schemes, namely shape based analysis followed by tissue classification in 2-D or 3-D image space, is somewhat different. These detection methods in the 2-D image space include primarily curve-growing strategies [11] , [12] and Vanderbrug linear feature detectors [5] . In the 3-D space, these methods primarily include the Gaussian and mean curvature analysis approach [13] and the shape classification scheme (e.g., blobs, lines, and planes classification) using an eigenvalue analysis of Hessian matrices [14] . As anatomic knowledge based schemes heavily rely on inter-examination "similarity" and largely ignore individual variability [4] , these may lead to segmentation failures when the methods are applied to "new" examinations. In contrast, shape based analysis approaches in image space are often sensitive to noise or reconstruction artifacts due to the requirement for computing second derivatives of voxels' intensity values. Although "de-noising" operations in image space (e.g., using a 3-D Gaussian filter [14] ) are possible, filtering processes typically "broaden" the boundaries and lower the signal levels of the already weak fissure information.
On the basis of our previously developed fissure detection scheme, we present an automated lobe segmentation scheme using radial basis functions (RBFs) to fit pulmonary fissure surfaces as implicit functions. The "smooth" interpolation and extrapolation enabled by the use of implicit functions allows a smooth estimation of incomplete fissures, if any, thus leading to an automatic and "natural" segmentation of lobes. The underlying assumption is that a smooth extension of fissure surfaces may be used to estimate reasonably well the "incomplete" fissures since pulmonary fissures are typically in freeform anatomic surfaces. A detailed description of the scheme and the preliminary results on 65 CT examinations are described.
II. METHODS

A. Scheme Overview
The proposed automated lobe segmentation method includes three processing stages ( Fig. 2 ): 1) lung volume segmentation, 2) fissure detection, and 3) lobe identification. The computerized schemes used in the first two stages have been described previously; therefore, the first two stages are only briefly summarized here and the majority of this paper is focused on the last stage, namely lobe identification.
B. Lung Volume Segmentation
To assure accurate segmentation of lung lobes, the lung itself has to be segmented appropriately. This includes adequate sepa- ration of the right and left lungs and the elimination of erroneous detection, which may lead to the inclusion of false positive identification of other organs (e.g., the liver). A large number of lung related segmentation methods have been developed for specific applications that include but are not limited to quantitative assessment of emphysema [15] , [16] , lung nodule detection [17] - [19] , diagnosis and quantification of interstitial lung disease [20] - [22] , and airway analysis [23] . Many of these methods do not need to have "clean" and "complete" lung segmentation because there is little concern about possible inclusion of nonlung tissues in the analysis. Even for the purpose of fissure detection, accurate lung volume segmentation does not always have a significant effect on performance. However, for accurate lobe segmentation this is not the case. Therefore, in this study we used an automated lung segmentation approach termed Adaptive Border Marching Algorithm (ABMA) [24] . The use of this algorithm results in a "smooth" lung boundary with high computational efficiency. A detailed description of the scheme along with experimental results has been reported elsewhere [24] .
C. Pulmonary Fissure Detection
After lung segmentation, a previously developed automated scheme [25] is applied to detect pulmonary fissures by combining computational geometry approaches with statistical analysis. The underlying idea is to approximate 3-D freeform fissure surfaces using a set of small plane patches. In brief, the pulmonary fissure detection scheme (procedure) includes three steps (shown in Fig. 2 ). First, considering that the majority of pulmonary fissures are represented by higher intensity levels than parenchyma tissue and lower intensity levels than lung vessels, the scheme uses a dual threshold method (e.g., ) to narrow the search space for initial candidate fissure-related voxels depicted on CT images by discarding the majority of voxels related to nonfissure pulmonary tissues such as lung vessels. Second, after image thresholding, the volumetric CT image data are divided into a 3-D grid structure with a set of small subvolumes (e.g., 15 15 15 ) so that the fissure (if any) in each subvolume can be approximated by a plane patch. A statistical approach based on extended Gaussian image (EGI) [26] is then applied to each subvolume to detect depicted plane "patches" (if these exist), and the resulting plane patches are treated as initial detected fissures. Third, an "extension" procedure is performed by repeating the fissure detection procedure based on voxels contained within the initially detected fissures until there are no "plane-like" regions found. Details of this algorithm can be found elsewhere [25] . As an example, Fig. 3 shows the automated fissure detection results of the algorithm. 
D. Lobe Identification
Pulmonary fissures form the boundaries between two adjacent lobes, but it is difficult to achieve a smooth segmentation of the lobes because these fissures are often incomplete [4] , [27] - [29] and it is extremely difficult, if not impossible, for a computerized scheme to detect all fissures depicted on CT images. Given "incomplete" fissures, typically used algorithms (e.g., region-growing or flooding operations) may lead to a fusion of neighboring lobes. As a way of "fixing" the incomplete fissures, simply extending the boundaries of the detected fissures in a linear manner to the lung boundaries using planes will lead to a nonsmoothed segmentation and this approach cannot assure a reasonable estimation of incomplete fissures. To address this problem, we propose to represent the fissure surfaces in the form of smooth implicit functions using radial basis functions (RBFs). The underlying motivation for this approach was to take advantage of the interpolative and extrapolative characteristics of implicit functions so that "incomplete" fissures can extend "naturally" to the lung boundaries, thus separating lung volumes into pulmonary lobes without a concern for possible fusion into neighboring lobes. There are four basic steps involved in this lobe segmentation procedure (Fig. 2) .
1) Fissure Representation, Decomposition, and Classification: To extend detected fissures to lung boundaries properly, one needs to identify the specific fissures that may be classified as major, minor, or accessory fissure. Otherwise, it is not possible to determine where the extension procedure should terminate (e.g., the minor fissure in the right lung may penetrate the major fissure and thus divide the right lung into four different distinct segments). To achieve this goal, we represent fissures as geometric surfaces and decompose them into different patches that are then classified into major, minor, or accessory fissures using an area-based size criterion.
Using the marching cubes algorithm (MCA) [30] , the detected fissures, which are formed by discrete voxels, can be represented in the form of triangle based surfaces [ Fig. 4(a) ]. We note that the front faces of a surface model are consistently displayed in pink while the back faces in green in this study. The MCA treats each voxel in the scalar field as a cube and determines the isosurface along each cube edge based on linear in- terpolation while considering the eight voxels at the corners of each cube (voxel). If a cube has one or more voxels with intensities larger than a predefined iso-value (threshold), this cube will contribute a set of triangles to the mesh. After traversing all voxels, a mesh like surface will be constructed. A detailed description of the MCA has been presented elsewhere [30] . Representation of fissures as geometric surfaces has a number of advantages. First, it provides an intuitive shape description of pulmonary fissures and fits their actual surface appearance in anatomy. Second, using this representation it is easy to compute the normal vector at any point on the assumed fissure surfaces. The computed normal vectors play an important role in the fissure decomposition and the implicit function approximation discussed later in the paper. Third, when using this representation it is possible to apply a number of well developed computational geometry techniques for specific analysis of fissures. For example, it is relatively easy to qualitatively compute (estimate) fissure completeness when fissures are represented in the form of geometric surfaces.
After applying the MCA to the identified fissures, a simple approach is employed to decompose fissures by taking advantage of the relative occlusions among the different types of fissures along the -axis (namely, the direction from the base of the lung to the apex). This can be done quite efficiently by applying a simple dot product operation. Assuming is the normal vector of the triangle of the fissure model, is the -axis vector, and is a positive predetermined real value, all triangles that satisfy the condition are maintained and all other triangles are deleted/discarded. This operation has two advantages: 1) the fissures are separated into front and back surfaces and the geometric information associated with the fissure surfaces is retained and 2) the fissures in the right lung are decomposed automatically into two patches corresponding to the "major" and the "minor" fissures [ Fig. 4(b) ]. The value in the dot product operation was set empirically to 0.3 based on experimental observations. Our experiment also indicated that the performance of the scheme was insensitive to the value of as long 
as
. The examples in Fig. 4 (b) and (c) demonstrate the detected fissure patches after application of this operation. The major and minor fissures are separated and only their front surfaces remain, while the back surfaces are deleted/discarded. The small sparse "holes" indicate "bumpy" regions that are deleted by the dot product operation. Due to the higher curvatures of the points around the bumpy regions, a larger will result in larger holes because fewer triangles around the bumpy regions satisfy the condition . In this study, we aim to "naturally" expand computationally incomplete fissures to the lung boundary using the interpolation/extrapolation properties of implicit functions that are described in detail in the next section. To allow for an appropriate expansion we have to first decompose fissures into front-side and back-side surfaces and use only one of these surfaces for the implicit surface fitting. If we use both sides during fitting, the energy minimization based expansion will result in rapid merging of the front and back surfaces. A simple example of this problem is presented in Fig. 5 . Assuming two planes and with normal vectors and , respectively, our objective is to expand these planes to the boundary surrounding the box. Fig. 5(a) shows the desired result when the surfaces are represented independently as an implicit function. Fig. 5(b) shows the results when the surfaces are not treated separately and energy minimization causes the two surfaces ( and ) to connect/merge rather than expand to the boundary.
Once fissure surfaces are decomposed, the scheme identifies the type of fissures in question (i.e., major, minor, and accessory fissures) depicted in the right lung using a simple area-based size criterion. Based on this criterion, the scheme sorts the order of decomposed fissure patches in the right/left lung from the largest to the smallest in area. The first two in the sorting list related to the right lung are assigned as the major and minor fissures respectively, and the remaining fissures (if any) are considered as accessory fissures (Fig. 4) . The first fissure patch in the sorting list related to the left lung is assigned as the major fissure in the left lung. The areas of the decomposed fissure patches can simply be computed by summing up the areas of the contained triangles (
). In addition, for lobe segmentation purposes, the accessory fissures are discarded.
2) Implicit Surface Fitting Using Radial Basis Functions: The possible existence of incomplete fissures forces us to implement an algorithm aimed to "expand" fissures to the lung boundaries. In this study, we do so by representing fissure surfaces as implicit functions. The motivation is to exploit the interpolation and extrapolation properties exhibited by an implicit function, thus estimating the missing regions of fissures in an "implicit" manner. The problem can be stated as: given a set of points in any dimensional space , find a smooth function that passes through all points
In our case, has a dimensionality of three due to the 3-D shape of the fissure surfaces, and the scattered points are all assumed to be located on the detected fissures. There are two primary approaches to surface fitting [31] - [34] . One approach is an algebraic implicit surface fitting that can be represented as a polynomial (linear, quadratic, or higher) with real roots. Despite the theoretically possible high accuracy, the need for high degree polynomials frequently makes the fitting process somewhat unpredictable [33] . The other approach uses variational techniques that are based on the minimization of an energy measurement function. In the 3-D space, one of the simplest energy measures that can be used for this purpose can be represented as a combination of the square of the second partial derivatives along each dimension, namely as shown in (2) at the bottom of the page, where denotes a 3-D surface and is a measure of the energy function in "smoothness." Any perturbation (e.g., creases) in the surface, which is computed by second partial derivatives, would result in large changes in the computed energy. In other words, minimization of will assure a smooth surface. As pointed out by Duchon [35] , this type of energy minimization process can be solved through representation of a given surface using RBFs (3) where is the RBF, are real number coefficients, is a low degree polynomial, and are the scattered points. For (2) a given application, the RBFs need to be selected appropriately taking into consideration the dimensionality of the space. Several popular RBFs are as follows: 1) (bi-harmonic or linear spline); 2) (tri-harmonic spline); 3) (Gaussian RBF); 4) (thin-plate spline); 5) (multi-quadric). For example, Gaussian RBFs are primarily used in neural networks, the thin-plate spline is suitable for two-dimensional fitting problems, and the bi-harmonic and tri-harmonic splines generally work well in 3-D fitting problems. In this study, we used the tri-harmonic spline as the RBF in (3).
In our specific case, the degree of the polynomial part in (3) should be four or lower. Otherwise, it may be difficult to control the fitting result [36] . By setting a proper constraint on the polynomial part, even in sparse datasets, appropriate shape features can be captured in the fitted surface [33] . For simplicity purposes, is often represented in a linear form for 3-D fitting problems (4) where . If passes through all scattered points , the following condition is met: (5) where , and and are unknowns. To avoid a trivial solution (i.e., and ), we can sample additional points to verify that is nonzero. One simple approach is to sample off-surface points along the normal vectors of the scattered points. When an off-surface point is located on the positive/negative direction of a normal vector, it defines the "outside/inside" regions of an object. Thus, we can assign a positive/negative value to this point, namely the off-surface distance. The off-surface distance should be small enough to ensure that it does not pass through other parts of the same surface [34] . This formulation is similar to the definition of the signed distance field of an object.
Assuming a total of off-surface points are sampled, (5) where with , , for all points located on the surface, and or for points located either "outside" or "inside" the surface. As a symmetric linear system, a unique nontrivial solution can be computed for (6) [37] .
To demonstrate the interpolation and extrapolation properties of an implicit function based on RBFs, two general examples with freeform surfaces are presented in Fig. 6 . After the implicit function fitting of the surfaces in Fig. 6(a) and (c), the missing regions (or holes) are smoothly estimated (filled in) as shown in Fig. 6 (b) and (d) correspondingly.
The detected fissures have specific associated thicknesses; hence, we assigned the mid-layer of the fissures, defined as a surface having an equal distance to the front and back surfaces of any fissure, as the separation boundary between the respected lobes. As a result, the fissures themselves are assigned equally to neighboring lobes. The mid-layer is approximated by an offset operation, which is implemented by simply moving each vertex of the front surface a small distance equal to half the minimum distance to the back surface along the opposite direction of its normal vector. In the cases where fissures need to be displayed separately along with the corresponding lobes, the previously detected fissure regions can be simply marked after lobe segmentation.
As demonstrated by (6), the linear system used to compute the implicit function is not sparse and its size is proportional to the number of the sampled (scattered) points. As a symmetric matrix, it can be reduced in size by half by storing the lower or the upper triangles only. Regardless, the storage requirement remains very large with high computational cost. As an example, 50 000 scattered points require at least 5.0 GB memory as compared with the storage of the fissure surfaces modeled by the MCA that contain approximately 500 000~1 000 000 triangles corresponding to 250 000~500 000 vertices. Although we only consider here the major/minor fissure patches of right/left lung separately, the storage requirement may exceed the capability of modern PCs. To represent the fissure surfaces with high accuracy while using a substantially smaller number of sampled points, we introduce a greedy sampling scheme that consists of the following four steps.
1) Randomly select a set of vertices from the triangle mesh representing a fissure and sample the same number of offsurface points along the normal vectors of these vertices. The number of vertices should not be less than 3 due to the dimensionality of the fissure surface. 2) Reconstruct an implicit surface function using these selected vertices and off-surface constraint points as constraint points for the linear system [i.e., (6)].
3) Evaluate the error of the implicit function at each vertex on the fissure surface. If the largest error is larger than a predetermined error value or accuracy, then add the vertex with the largest error and its off-surface point to the constraint point set. The error value is defined as the Hausdorff distance/metric between a pair of surfaces. 4) Repeat Steps 2) and 3) until a predetermined accuracy is achieved. Using this greedy sampling scheme we found that a substantially smaller number of points can be used in the implicit surface fitting to achieve the desired error value or accuracy. During testing we were able to estimate fissure surfaces with approximately 3000 points with a maximum allowed error of 0.1 mm. We note that both surface fitting and greedy sampling operations are performed on the triangle meshes in geometric space. Hence, the fitting error is not limited by the actual CT image resolution.
3) Lung Lobe Identification: As the major and minor fissures are now represented in the form of implicit functions, we divide the lung volume into lobes using these implicit functions. The spatial position of each of the voxels within the right and left lungs is checked against the implicit function representing the major respective fissure. First, the right lung volume is divided into two semi-volumes according to the positive/negative sign of each voxel with respect to the implicit function of the major fissure. Then an arbitrary point located on the minor fissure in the right lung is selected and checked against the implicit function of the major fissure. If the value is positive (or negative), the positive (or negative) semi-volume is further divided using a similar process to check each of the voxels within this semi-volume against the implicit function of the minor fissure. Thus, the right lung volume is divided into three parts and similarly, the left lung volume is divided into two semi-volumes.
III. EXPERIMENTS AND RESULTS
A. Testing CT Dataset
In a preliminary study to subjectively assess the quality of our automated lung lobe segmentation scheme, we selected a dataset of 65 chest CT examinations acquired on 65 participants in a chronic obstructive pulmonary disease (COPD) screening study at the University of Pittsburgh Medical Center. These CT examinations were performed under an Institutional Review Board (IRB) approved protocol using a LightSpeed VCT 64-detector scanner (GE Healthcare, Waukesha, WI) with subjects holding their breath at end inspiration. CT data were acquired using a helical technique at a pitch of 0.969, 120 kVp, 0.4 s gantry rotation, and 250 mA (100 mAs). The detector configuration was 32 0.625 mm. CT images were reconstructed to encompass the entire lung field using the GE "bone" kernel at 0.625 mm section thickness and 0.625 mm interval (without slice overlapping). The CT images were represented using a 512 512 pixel matrix with a pixel dimension ranging from 0.549 to 0.738 mm. To investigate the impact of CT image slice thickness on the performance of our lobe segmentation scheme, we performed two additional reconstructions for five of these 65 CT examinations both using the "bone" kernel: 1) 1.25 mm section thicknesses with a 1.25 mm interval and 2) 2.5 mm section thickness with a 2.5 mm interval. All subjects had relatively low levels of airflow 
B. Subjective Evaluation by Observers
It is extremely time consuming and in reality virtually impossible to manually segment lobes accurately through "tracing" hundreds of CT image slices in each examination and then use the manual segmentation results as a gold standard for evaluation purpose. Therefore, a direct subjective evaluation based on radiologists' visual assessment was conducted in this study. The maximum error associated with the implicit function fitting of fissure surfaces was set at 0.1 mm for all examinations tested. We emphasize that since this fitting error is actually performed on mesh surfaces in geometric space, it is not limited by the spatial resolution of CT images after the MCA is applied. Hence, the previous qualitative assessment of our computerized fissure segmentation scheme [25] may be regarded as supporting data to be the assessment of lobe segmentation we report here. In this study, two chest radiologists (with experience of reading and interpreting chest radiographs for 28 and 15 years, respectively) were asked to independently review and subjectively rate each CT examination on a five category scale (i.e., excellent, good, fair, poor, and unacceptable) to assess the quality of the computerized lobe segmentation or automated "assignment" results. During this rating process, radiologists scanned and viewed each CT examination in axial, coronal, and sagittal views. They were told that our purpose was to completely automatically segment CT examinations and provide lobar based quantitative analyses and therefore they should be critical in terms of their subjective assessment as to whether the segmentation is correct, complete, and adequate for this purpose. Since five CT examinations had been reconstructed three times with slice thicknesses of 0.625 mm, 1.25 mm, and 2.5 mm and the other 60 examinations were reconstructed only once with a slice thickness of 0.625 mm, each radiologist rated a total of 75 sets of reconstructed and displayed CT examinations. Inter-reader agreement was estimated using the Weighted Kappa coefficient (PROC FREQ, SAS v.9.1.3) with significance determined by the asymptotic test under the null hypothesis that Kappa equals zero at using a two-sided test. Fig. 7 summarizes the subjective performance ratings of our automated lobe segmentation scheme by the two radiologists using 65 CT examinations with a section thickness of 0.625 mm. Radiologist #1 (A) rated 31 cases excellent, 23 good, 8 fair, and 3 unacceptable, while Radiologist #2 (B) rated 14 examinations as excellent, 25 as good, 18 as fair, and 8 as poor. Averaging over the two readers, 50.8% (33 of 65) of the CT examinations were rated as good or better by both radiologists and only 1.5% (1 of 65) of the CT examinations was rated by both radiologists as either poor or unacceptable. Weighted Kappa was 0.1299 with a 95% confidence interval of , 0.2746 ( ), namely the agreement between the readers was not statistically significant. Table I lists the ratings of the two radiologists for the 5 CT examinations that had been reconstructed three times with section thicknesses of 0.625 mm, 1.25 mm, and 2.5 mm. The results shown are reasonably comparable for examinations reconstructed with a section thickness of either 0.625 mm or 1.25 mm. For example, in case #3 radiologist #1 (A) rated the examinations with a section thickness of 0.625 mm and 1.25 mm as "excellent" and "fair," respectively, and in cases #1 and #2 radiologist #1 (A) rated the examinations with a section thickness of 1.25 mm as "excellent," but the examination with a section thickness of 0.625 mm as "fair." A similar observation can also be found in the ratings provided by radiologist #2 (B). However, the results show that no examination reconstructed with a section thickness of 2.5 mm was rated higher than those reconstructed with a section thickness of either 0.625 mm or 1.25 mm. Thus, in general, the segmentation in the CT examinations reconstructed with 2.5 mm slice thickness was largely rated as inferior to that in the corresponding examinations reconstructed with thinner slice thicknesses. Fig. 8 shows an examination in which the "incomplete" fissures are smoothly estimated and the case was rated as "excellent" by both radiologists. Figs. 9 and 10 show two examinations rated by radiologist #2 as "unacceptable." Among these, in one examination (as shown in Fig. 9 ), the middle lobe of the right lung is not segmented due to the failure in detecting the corresponding fissure surface that has extremely low contrast in the relevant CT images; while in another examination (as shown in Fig. 10 ), a lobe segmentation error was introduced by the detec-tion of an accessory fissure that was misclassified as the minor fissure in the right lung. Fig. 11 shows images of three CT examinations in which the computerized lobe segmentations were rated by at least one radiologist as "good," "fair," and "poor," respectively. In these three examples (Fig. 11) , our scheme did not detect a small fraction of fissures near the lung boundaries and as a result the fissure fitting results in a small deviation (offset) from the actual fissures.
C. Experimental Results
IV. DISCUSSION
We introduced an automated scheme for lung lobe segmentation, which has a number of unique characteristics. First, the scheme is largely independent of the knowledge of lung anatomy that varies quite a bit among patients. It depends on but rudimentary underlying assumptions such as the fact that fissure can be represented as three dimensional continuous surfaces. Second, unlike previous shape analysis based approaches that work in image space [11] - [13] , the proposed segmentation procedure is performed in geometric space on the basis of a statistical fissure detection approach. Similar to the fissure detection approach, the scheme is less affected by conventional image (pixel-based) noise/artifacts in the spatial domain. It is also relatively easy to implement. Third, the implicit function based representation of fissure surfaces provides a smooth estimation of incomplete fissures, thus leading to a reasonably "natural" segmentation of lung volumes into lobes. Due to the relatively high prevalence of incomplete fissures and the possible importance of assessing fissure completeness in clinical practice [27] - [29] , the proposed method may be used to assess fissure incompleteness in a quantitative manner. Fourth, the geometric characteristic of this scheme allows for a 3-D visualization of human lung anatomy. Hence, it enables both regional and local quantitative analyses to be performed. Finally, the capability of our approaches in segmenting fissures and lobes separately may provide a better understanding of lung anatomy and its correlation to lung function by building a computational model of fissure configuration and integrity. This may lead to earlier detection and diagnosis and possibly to more efficacious individualized patient management.
Although our scheme is able to detect accessory fissures, these accessory fissures do not indicate the presence of additional lobes. When an accessory fissure is larger in area than the minor fissure, the automated approach may lead to misclassification of regions as shown in Fig. 10 , where the accessory fissure is misclassified as the minor fissure due to the use of our area-based fissure type classification criterion. As the fissures cannot always be fully and accurately detected by computerized schemes due to their fuzzy appearance and possible anatomical incompleteness, the reconstructed implicit function may cause obvious fissure extension errors as shown in Figs. 9 and 11. More robust approaches to solve this problem are currently under investigation.
Despite the fact that mathematically implicit surface fitting based on RBFs is a very reliable procedure for interpolation/extrapolation purposes, the fitting accuracy between the reconstruction implicit functions and the actual fissure surface in this study is largely determined by the number of sampling points. A greedy sampling strategy can adaptively select the "most important" points hence help overcome some of the limitations of computer memory. The original fissure surfaces are not perfectly "smooth;" therefore, neighboring "off-surface" sampled points may have normal vectors that vary greatly. In practice, a sparse and uneven normal vector property of the sampling points may lead to a rugged reconstructed surface because the mathematical property of the implicit function has to guarantee a smooth transition between neighboring sampling points. Adding sampling points could alleviate this problem somewhat, albeit at a heavier computational cost. For a typical CT examination consisting of 300~600 image slices (with a slice thickness of ), it takes approximately 25 min to execute our scheme on a desktop PC (installed with an AMD Athlon 64 2 Dual 2.11 GHz central processor and 2 GB RAM). Thus, improving efficiency remains an important issue that is currently under investigation.
We recognize that although CT images reconstructed with a section thickness of 0.625 mm have been available, the majority of CT image examinations used in routine clinical practice are reconstructed using lower resolution image slices (i.e., 1.25 mm or 2.5 mm) for a variety of clinical and cost reasons. Thus, in this study we investigated the performance dependence of our scheme on CT image slice thickness. Our experimental results showed that there was no observable difference in radiologists' subjectively acceptance rating levels when applying our scheme to CT examinations reconstructed with a section thickness of either 0.625 mm or 1.25 mm. Generally, fissures depicted on CT images reconstructed with a section thickness of 0.625 mm have a little bit higher contrast but much smaller thickness (which means fewer information of fissures) than those on CT images with a section thickness of 1.25 mm. Such a fact occasionally leads to a more robust detection of fissures depicted on CT images with a section thickness of 0.625 mm. As a result, a radiologist may rate higher acceptance levels to some CT examinations reconstructed with a section thickness of 0.625 mm and other examinations with a section thickness of 1.25 mm. However, when the slice thickness increases to 2.5 mm, our visual observation found that the contrast of fissures decreased dramatically, thus making the segmentation performance unpredictable.
Only 33 of the 65 examinations (50.8%) evaluated in this study that had a section thickness of 0.625 mm were rated by both radiologists as either "good" or "excellent" in terms of segmentation quality. This does not mean that the scheme failed to segment other examinations. As demonstrated in Figs. 10 and 11 , the radiologists rated the lobe segmentation performance primarily based on local failures/errors. The majority of the lobes were segmented successfully even in those examinations subjectively rated as "unacceptable." This may be the very reason why only one case (1.5%) was rated by both radiologists as "poor" and/or "unacceptable." We found out that lobe segmentation errors were directly proportional to the fraction of incompleteness of the computed (estimated) fissures. Previous studies [27] - [29] demonstrated that over 40% of the subjects have visually incomplete fissures on CT examinations. Similarly, in our study, the examinations in which segmentations were rated poorly are primarily those in which fissure incompleteness was prevalent. In the future, we will explore different approaches, including but not limited to, increasing the underlying lung anatomy based assumptions in an attempt to improve lobe segmentation performance.
In the absence of a verified "ground-truth," absolute performance assessments of a computerized scheme are virtually impossible [38] , [39] . In the case of lobe segmentation, this problem is magnified because manually drawing lobe boundaries over hundreds of slices per examination is an extremely labor intensive task and one can expect substantially large inter-reader variability. In this study, lobe segmentation error was largely determined by the accuracy of fissure detection that had been assessed quantitatively in a previous study [25] . When the radiologists' markings were used as a reference, approximately 95% of the fissure points detected by the scheme were less than 2 mm away from the fissures marked manually by the radiologists. The root mean square (rms) distances between fissures marked by one radiologist and our scheme ranged from to and were smaller than the rms distances between the two radiologists ( and ). Hence, in this preliminary study we resorted to a subjective assessment method to evaluate radiologists' ratings of the automated lung lobe segmentation results. Despite these limitations the results of this preliminary study are encouraging.
We recognized that a major limitation of this study was the lack of validation of the approach using CT examinations depicting severe lung disease (e.g., nodules/tumors, severe emphysema, fibrosis, scarring, and atelectasis). At this stage of development, our testing dataset only included CT examinations acquired from relatively healthy or mildly diseased lungs. Based on the unique characteristics of our fissure detection and surface fitting schemes, we believe that the variety of lung disease patterns may have limited impact on the lobe segmentation results because only planar tissues in the lungs are detected as potential fissures and the performance of lobe segmentation relies directly on the performance of fissure detection. However, testing of severely diseased lungs should be done and it is the topic of current effort. There are two categories of errors in fissure detection, namely false negative detection where fissures are not fully detected due to their "incompleteness" or extreme fuzzy appearance and false positive detection where tissues with plane like structures are incorrectly detected and identified as fissures (e.g., interstitial lung diseases or accessory fissures). The interpolation/extrapolation nature of the proposed scheme often results in an automated correction of the first error type. However, when a fissure is not fully detected and has a large estimated area, the surface fitting operation may estimate "incomplete" fissures incorrectly through the extrapolation operation (Fig. 11) . When an incorrectly detected fissure has a small area as compared with the minor fissure, the second type of detection error does not present a problem to the lobe segmentation procedure because the area-based size criterion frequently filters out the misclassified nonfissure tissue. Otherwise, the misclassified tissue may be incorrectly assigned as a minor fissure resulting in incorrect lobe segmentation. These errors may occur more frequently in CT examinations of severely diseased lungs.
V. CONCLUSION
A new fully automated lung lobe segmentation scheme based on implicit function fitting of fissure surfaces was developed and tested. The interpolate/extrapolate properties of the RBF-based implicit function allows for a smooth estimation of incomplete fissures and offers a unified framework for similar problems. Subjective assessments by two experienced radiologists showed that 50.8% (33/65) of the CT examinations with a section thickness of 0.625 mm were rated as either "excellent" or "good" by both radiologists and only 1.5% (1/65) was rated by both ra-diologists as "poor" or "unacceptable." We note that the large inter-reader variability is a well-known phenomenon in subjective rating studies. The computerized scheme did not work well with CT examinations having a section thickness of 2.5 mm. The procedures involved in this scheme are performed in 3-D geometric space and the resulting representation of the segmented lung may ultimately enable automated segmentation and quantitative lung CT image analysis.
